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Abstract 
The ability to solve complex problems is one of the key competencies in science. But until now, little research on 
students’ progressions in scientific problem solving has been conducted. This study addresses the following 
research question: Which factors can be distinguished in order to describe the structure of the ability to solve 
scientific problems and how does this ability develop across grade levels? Within a cross-sectional survey, we 
used computer-based assessment tools to capture students’ problem-solving abilities in grades 8, 10, and 12 
(N=1,487). Based on four key dimensions, a vertical scale has been established by using an IRT modeling 
approach. This model was tested for measurement invariance as a prerequisite for comparing different grade 
levels and was, finally, validated by multilevel regression analyses. Our results showed that the ability to solve 
interactive scientific problems can be described by four cognitive factors. Based on a vertical scale, this structure 
held across grade levels and revealed significant progressions. Finally, different developmental patterns were 
found, which were related to reasoning, strategy knowledge, and domain knowledge. We conclude that our model 
of scientific problem solving can be used to capture students’ interindividual progressions. 
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1. Introduction 
1.1 Problem statement 
The ability to solve complex scientific problems is regarded as one of the key competencies students should 
acquire during adolescence. There have been various approaches of modeling scientific problem solving, its 
structure, and implementation in science lessons (Klahr & Dunbar, 1988; Koppelt, 2011; Scherer & Tiemann, 
2012). These approaches have shown that the cognitive processes, which are involved in a problem-solving 
process, are of major importance for the definition and operationalization of the construct, especially when using 
computer-based assessments (Funke, 2010; Wirth & Klieme, 2004). Surprisingly, few studies have examined the 
structure of problem-solving processes across grade levels. Especially during adolescence, little is known about 
students’ learning progressions in scientific problem solving. But there is a need for models, which describe at 
least interindividual developments, as they allow researchers and educational practitioners to design meaningful 
and appropriate instructions (Köller & Parchmann, 2012). 
This study systematically extends previous research on assessing and modeling problem solving. So far, the 
structure of the construct has only been investigated for small samples and without taking into account multi-
group structures in data sets (e.g., Kröner, Plass, & Leutner, 2005; Wüstenberg, Greiff, & Funke, 2012). 
Furthermore, to our knowledge, there has been no study, aimed to compare students’ performance across grade 
levels in science. The present study, thus, aims to close this gap by modeling a large-scale data set with multi-
group approaches. We also address measurement concepts such as factorial invariance in order to overcome 
statistical shortcomings on how to compare different subsamples. 
1.2 The present study 
In light of the proposed research gaps, the present study aims to: 
x describe the structure of scientific problem solving by using uni- and higher-dimensional models which are 
based on theoretical assumptions about cognitive processes. 
x establish a vertical scale which can be used to compare students’ performance in scientific problem solving 
across grade levels. 
2. Theoretical background 
As problem solving refers to bridging a gap between an initial and a goal state, different operationalizations 
are possible. For example, Funke (2010) and Wirth and Klieme (2004) proposed a framework which 
distinguishes between analytical-static and complex-interactive problem solving. In complex problem solving, 
the information which is necessary in order to successfully solve the task is not immediately given from the 
beginning of the problem solving process. Students must, therefore, interact with a given system or experiment 
and acquire knowledge about the system (Goode & Beckmann, 2010). The resulting knowledge enables them to 
bridge the gap between an initial and a goal state and, finally, solve the problem (Novick & Bassok, 2005; Wirth 
& Klieme, 2004). In contrast, analytical problem solving is strongly related to reasoning and requires tasks which 
contain all information necessary for a problem solution (Jonassen, 2011).  
The cognitive processes which are involved in scientific problem solving have been described from different 
perspectives. For instance, Newell and Simon (1972) proposed a dual space model which assumed a problem 
space and a search space. In these spaces, internal and external processes occur (DS model, tab. 1). Klahr and 
Dunbar (1988) specified these processes and proposed three components (SDDS model, tab. 1). Finally, Koppelt 
(2011) combined previous models of domain-general problem solving (e.g., OECD, 2010) with chemistry-
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specific descriptions of the construct and differentiated between four components (CS model, tab. 1). In a study 
of approximately 450 students, this model was empirically confirmed and formed the basis for further studies on 
problem solving in chemistry (e.g., Scherer, 2012). However, from a psychometric perspective, research faces 
various problems of scalability because of the effects of item dependencies, task interactivity, and interferences 
with covariates such as system knowledge and intelligence (Funke, 2010; Scherer & Tiemann, 2012; 
Wüstenberg, Greiff, & Funke, 2012). Besides fluid intelligence, which can be regarded as an indicator of 
reasoning (Kröner, Plass, & Leutner, 2005), domain knowledge (Jonassen, 2011), strategy knowledge (Goode & 
Beckmann, 2010), and grades in scientific subjects (Scherer & Tiemann, 2012) are cognitive predictors of 
scientific problem solving. In psychological research, it is after argued whether or not problem solving ability and 
intelligence are the same constructs (Leutner, 2002). On the one hand, both involve reasoning processes, but, on 
the other hand, problem solving always refers to specific contexts or domains and, to some extent, requires the 
acquisition and application of knowledge (Jonassen, 2011). Consequently, educational researchers regard the 
construct as distinct from intelligence, although large-scale studies use domain-general approaches to assess 
students’ performance (OECD, 2010).  
In the last years, research has focused on the assessment of learning progressions for specific constructs and 
domains (e.g., Köller & Parchmann, 2012). For instance, Piekny and Maehler (2012) studied the development of 
scientific reasoning skills in early childhood and found asynchronous progressions within different cognitive 
components. Also, Zimmerman (2007) reviewed developmental studies on scientific reasoning and supported 
their findings. However, little is known about the progression of scientific problem solving, especially in 
complex and interactive situations (Scherer, 2012).  
Table 1. Synopsis of different problem solving models. 
CS model 
(Koppelt, 2011) 
DS model  
(Newell & Simon, 1972) 
SDDS model 
(Klahr & Dunbar, 1988) 
Understanding & Characterizing the problem (PUC) Problem space (internal) Search in the hypothesis space 
Representing the problem (PR) Problem space (internal) Search in the hypothesis space 
Solving the problem (PS) Search space (external) Testing hypotheses 
Reflecting & Communicating the solution (SRC) Problem space (internal) Evaluating evidence 
3. Methods 
3.1 Participants 
The entire sample consisted of 1,487 students from 17 German high-track schools (so-called “Gymnasium”) 
of the two federal states Berlin and Brandenburg (51.2% girls, age: M=15.61, SD=1.68). Schools were randomly 
selected and invited to participate in this study. These students attended a chemistry course at grade levels 8 
(n8=506), 10 (n10=476), and the upper secondary level 12 (n12=505). On average, approximately 88 students of 
each school participated in this study. 
3.2 Measures 
3.2.1 Scientific problem solving  
Based on Koppelt’s (2011) problem solving model, we developed computer-based environments which 
contained items on the four dimensions of Understanding & Characterizing the problem (PUC), Representing 
the problem (PR), Solving the problem (PS), and Reflecting & Communicating the solution (SRC). These 
environments were organized as follows: 
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x Students were given the opportunity to explore the environment (exploration phase). 
x Students’ first task was to identify unknown chemicals within the virtual laboratory by using the information 
material and analysis machines. 
x Students’ second task was to find a chemical substance, which had to meet several criteria. In this task, items 
on the dimensions of PUC and PR were administered. 
x Students’ third task was to synthesize the previously identified substance by using a synthesis machine and a 
given number of precursors. Additionally, they were asked to maximize the systems’ outcomes such as 
reaction yield and time (fig. 1). In these tasks, items on solving the problem (PS) were administered. Students’ 
action were logged and analyzed according to their systematicity, appropriateness and achievement of the 
required solution and goal state. 
x Students’ fourth task was to reflect and communicate their problem solution. In this task, items on the 
dimension of SRC were administered within multiple-choice formats. 
 
These virtual laboratories are comprised of grade-specific items and anchor items (anchor grades 8-10: 
NItems=68; grades 10-12: NItems=74), which were assigned to one of the four dimensions. Finally, the total number 
of items in each grade level ranged between 117 and 154. Since some of the items were polytomously scored, we 
used an item response theory approach to establish a common scale for all grade levels (Kolen & Brennan, 2004; 
Scherer, 2012). By means of concurrent calibration, a four-dimensional model which represented our theoretical 
assumption on four distinct dimensions of scientific problem solving was applied. The resulting marginal 
reliabilities of these dimensions were substantial and sufficient for the construct (EAP/PV reliability=.65-.80). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Screenshot of a virtual problem-solving environment for grades 10 and 12. 
 
3.2.2 Covariates of problem solving 
We assessed fluid intelligence, domain knowledge, strategy knowledge, and grades in chemistry as cognitive 
covariates of scientific problem solving (e.g., Funke, 2010; Scherer & Tiemann, 2012). Additionally, personality-
related constructs were tested. Table 2 shows the constructs and tests. 
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Table 2. Overview of covariates and assessments. 
Construct Test Number of items Scale Reliability 
Fluid intelligence 
Figural scale of the KFT  
(Heller & Perleth, 2000) 
25 
Vertical scale based on 
the 2-PL model* 
EAP/PV=.91 
Strategy knowledge 
Strategy knowledge test  
(Scherer & Tiemann, 2012) 
20 
Scale based on sum 
scores 
D=.77 
Domain knowledge 
Domain knowledge test  
(Scherer, 2012) 
22 
Vertical scale based on 
the 2-PL model* 
EAP/PV=.64 
Interest in science 
PISA 2006 scale on enjoyment in 
science (OECD, 2009) 
9 
Scale based on sum 
scores 
D=.91 
Enjoyment in science 
PISA 2006 scale on interest in science 
(OECD, 2009) 
5 
Scale based on sum 
scores 
D=.88 
Grades in chemistry 1=very good to 6=insufficient/fail 1 Ordinal scale - 
Students’ background 1=German, 0=Non-German 1 Nominal scale - 
Note. D refers to Cronbach’s Alpha. EAP/PV refers to the marginal reliability, which was proposed by Wu et al (2007) for IRT models. * Due 
to a common-item design of these tests, a vertical scale was established (Kolen & Brennan, 2004). For details, see Scherer (2012).  
3.4 Statistical analyses 
3.4.1 IRT scaling procedure 
In order to model the structure of problem solving by taking into account the categorical and polytomous 
character of item responses, we used the partial credit model (PCM) for estimating students’ abilities and item 
difficulties. All analyses were conducted in ConQuest 2.0 (Wu et al., 2007). In a first step, we assumed that 
scientific problem solving was a unidimensional construct and, thus, used the PCM with a single factor. Items 
which showed a weighted MNSQ value between .73 and 1.27 and an acceptable item-to-total correlation above 
.30 were used for further analyses (Carstensen et al., 2007). After this process if item selection, we estimated the 
unidimensional model again and compared the model fit statistics with the previous model. In a second step, 
higher-dimensional models were estimated which distinguished between different problem-solving factors 
according to the DS, SDDS, and CS model (see section 2). The resulting models were compared by using 
information criteria and likelihood-ratio tests of final deviances. If the assumption on the existence of four factors 
holds, this model should significantly outperform less dimensional models. 
 
3.4.2 Differential item functioning and vertical scaling 
In order to account for invariance of the measurement model across grades, different analyses have been 
performed. First, the data set of each grade was scaled separately and uni- and higher-dimensional models were 
compared. Second, uniform differential item functioning (DIF) was investigated for the anchor items between 
adjacent grades. We conducted these analyses by using logistic regression (Nagy & Neumann, 2010) and Rasch-
DIF modeling (Santelices & Wilson, 2012). If items showed substantial DIF, they were excluded from the anchor 
item sets and used as grade-specific items in further analyses. As Millsap (2011) argued, this procedure accounts 
for measurement invariance within IRT modeling approaches. Finally, the data set of the entire sample was 
scaled and, again, dimensionality was checked. For the entire sample, Kolen and Brennan (2004) suggested that 
concurrent calibration could be used to establish a common (vertical) scale if a common-item design is used. 
As a last step, we specified a four-dimensional IRT model and combined this model with the background 
variables (fig. 2). Based on this model, we obtained five plausible values as person parameters which represent 
students’ abilities within the four problem solving processes. Consequently, subsequent analyses were conducted 
five times and the resulting statistics were combined (Carstensen et al., 2007; Enders, 2010).  
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Figure 2. Four-dimensional IRT model with latent regression on covariates. 
4. Results 
4.1 Structure of scientific problem solving and measurement invariance 
After evaluating whether or not items met the criteria of IRT scaling (see 3.4.1), uni- and higher-dimensional 
partial credit models were specified in each grade. Table 3 shows the resulting information criteria and likelihood 
ratio tests between nested models. These results suggest that there is evidence on the empirical preference of the 
four-dimensional model which distinguishes between the four cognitive processes PUC, PR, PS, and SRC. This 
model can, thus, be regarded as a baseline for analyzing learning progressions between grade cohorts. The latent 
correlations among the four dimensions ranged between .58 and .78. Accordingly, we conducted these analyses 
for the anchor items only and found that the four-dimensional model was also supported by these data (see 
Scherer, 2012 for details). As another step, items which showed DIF according to logistic regression and Rasch-
DIF modeling were identified. After excluding these items from the anchor sets, the correlations between item 
difficulties of adjacent grades revealed high and substantial values (grades 8-10: r=.99, grades 10-12: r=.96). 
Taken together, these results indicate that measurement invariance was present. 
4.2 Vertical scaling 
Given that measurement invariance held across grade levels, a concurrent calibration was conducted for the 
entire sample. Again, we had evidence that the four-dimensional model was empirically preferred (tab. 4). Based 
on this result, plausible values were drawn and used for comparisons across grades. Table 5 shows the descriptive 
outcomes and the results of the one-way ANOVA which was based on combined statistics of the plausible value 
technique.  
Our findings indicate that there are differences across grades which show asynchronous patterns. For instance, 
for the cognitive processes of Understanding & Characterizing the problem (PUC), students’ performance of 
grades 8 and 10 significantly differed. But there were no differences between 10th and 12th graders in this 
dimension. For the dimensions of PR and SRC, similar differences were obtained which showed an effect 
between students of the lower and students of the upper secondary level. Regarding the process of solving the 
problem (PS), no substantial differences were found. Overall, these results showed low effects with increasing 
means of students’ performance within three of the four dimensions. In contrast, a very low negative effect was 
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obtained between grades 8 and 10 for the process of Reflecting & communicating the solution (SRC). However, 
this effect was statistically insignificant. 
Table 3. Information criteria and likelihood ratio tests for each grade level (***p<.001). 
Grade level Model LogL (df) AIC BIC LR test 
Grade 8 unidimensional -18,714.8 (114) 37,657.7 38,139.5  
 2-dimensional -18,601.5 (116) 37,435.0 37,925.3 'F²(2)=226.6*** 
 3-dimensional -18,483.4 (119) 37,204.8 37,707.8 'F²(3)=236.2***
 4-dimensional -18,249.7 (123) 36,745.5 37,265.4 'F²(4)=467.3***
Grade 10 unidimensional -18,501.1 (128) 36,358.2 36,891.3 
 2-dimensional -17,947.4 (130) 36,154.7 36,696.2 'F²(2)=208.4*** 
 3-dimensional -17,916.2 (133) 36,098.4 36,652.4 'F²(3)=62.3***
 4-dimensional -17,785.4 (137) 35,844.8 36,415.4 'F²(4)=261.7***
Grade 12 unidimensional -16,043.1 (137) 32,360.3 32,939.1 
 2-dimensional -15,887.3 (139) 32,052.6 32,639.8 'F²(2)=311.7*** 
 3-dimensional -15,766.3 (142) 31,816.5 32,416.4 'F²(3)=242.1***
 4-dimensional -15,591.1 (146) 31,474.2 32,091.0 'F²(4)=350.3***
Table 4. Information criteria and likelihood ratio tests for the entire sample (concurrent calibration, ***p<.001). 
Model LogL (df) AIC BIC LR test 
unidimensional -52,921.8 (293) 106,429.5 107,983.7  
2-dimensional -52,548.3 (295) 105,686.6 107,251.4 'F²(2)=746.9*** 
3-dimensional -52,280.9 (298) 105,157.8 106,738.6 'F²(3)=534.7***
4-dimensional -51,749.9 (302) 104,103.9 105,705.8 'F²(4)=1,062.0***
Table 5. Descriptive comparisons of students’ abilities in scientific problem solving across grades (*p<.05, ***p<.001). 
 PUC PR PS SRC 
Descriptives M (SD) M (SD) M (SD) M (SD) 
Grade 8 .27 (1.26) .03 (1.73) .22 (.88) -.66 (.88) 
Grade 10 .48 (1.21) .15 (1.53) .31 (.81) -.69 (.89) 
Grade 12 .57 (1.29) .58 (1.71) .42 (.91) -.40 (.85) 
Omnibus F test F(2; 1,484)=9.65*, K²=.013 F(2; 1,484)=19.55***, K²=.026 F(2; 1,484)=8.86*, K²=.012 F(2; 1,484)=22.49***, K²=.029 
Post hoc tests (Bonferroni)    
Grade 8 vs. 10 p<.05, d=.18 p=.69, d=.07 p=.21, d=.11 p=.95, d=-.03 
Grade 8 vs. 12 p<.001, d=.24 p<.001, d=.32 p<.01, d=.22 p<.001, d=.30 
Grade 10 vs. 12 p=.69, d=.07 p<.001, d=.27 p=.12, d=.12 p<.001, d=.33 
Note. K² refers to the value of partial-K². 
4.3 Relationships among scientific problem solving and covariates 
Due to the complexity of this large-scale data set, we used multilevel modeling with latent variables to analyze 
the relationships among problem solving competency and covariates in Mplus 6 (Muthén & Muthén, 2010). The 
intraclass correlation ICC-1 for the four cognitive dimensions ranged between .21 and .25, indicating that the 
clustering of data within classes should be taken into account (Hox, 2010). Also, level 2 measurement accuracies 
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were high (ICC-2=.86-.89). The latent variable of scientific problem solving, which was measurement by the 
plausible values of the four cognitive dimensions, revealed a substantial intraclass correlation of LICC=.34.  
In a series of introducing predictors at the student level, a random intercept model fitted the data best and 
showed substantial goodness-of-fit statistics (F²(123; N=1487)=156.0, p<.001, CFI=.97, TLI=.95, RMSEA=.06, 
SRMRlevel1=.02, SRMRlevel2=.01). For details on this modeling procedure, see Scherer (2012). The resulting 
model, which is shown in figure 3, contains performance-based and personality-related predictors at the student 
level. In this model, fluid intelligence, domain knowledge, strategy knowledge, and grades in chemistry showed 
the largest effects on problem solving competency, whereas interest in science and students’ background had 
lower regression coefficients. These predictors explained approximately 66% of variance at level 1.  
 
Figure 3. Random-Intercept CFA model with predictors at the student level. 
5. Discussion and conclusion 
The present study was mainly concerned with the structure and development of scientific problem-solving 
competency across grades. Based on a four-dimensional framework which systematically reflected the cognitive 
processes involved in problem solving, an IRT modeling approach was performed. Besides this internal 
validation, an external validation was conducted within a latent regression model with cognitive and non-
cognitive covariates of problem solving. Also, students’ performance was compared across grade levels and 
dimensions. 
Regarding the structure of scientific problem solving, it was shown that the theoretically proposed processes 
of understanding and characterizing, representing, and solving the problem, and reflecting and communicating 
the solution were confirmed by the data in each grade. This result supported previous analyses for grade 10, 
which were conducted by Koppelt (2011), and implies that the construct of interactive problem solving is 
multidimensional (e.g., Funke, 2010; Wüstenberg, Greiff, & Funke, 2012). As latent correlations among the four 
dimensions ranged between medium and high values, we first conclude that they cannot be regarded as fully 
independent and, thus, represent a common factor which could be interpreted as general problem solving 
(Kröner, Plass, & Leutner, 2005). Second, these values also indicate that the four dimensions are empirically 
distinct (Wüstenberg, Greiff, & Funke, 2012). Consequently, in educational settings, problem solving should be 
assessed by using environments, which systematically address different processes rather than tasks which require 
only one specific cognitive operation (Koppelt, 2011; Novick & Bassok, 2005). 
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In order to compare students’ performance across grade levels, measurement invariance had to be met 
(Millsap, 2011). As our results suggested, factorial invariance was present and, thus, enabled us to compare latent 
means. However, few items showed differential item functioning and violated the assumption of equal item 
difficulties for students with the same ability who attended different grades. Thus, the first version of the test on 
scientific problem solving did not capture learning progressions perfectly (Nagy & Neumann, 2010). But after 
selecting items with large DIF, the test showed substantial correlations among item difficulties across groups and, 
additionally, revealed a four-dimensional structure for the entire test and sample. Based on these findings, the 
present study was able to support the recommendation of Köller and Parchmann (2012) who proposed a 
framework of establishing learning progressions in science. In this framework, they noted that students’ 
progressions could be captured by measurement models with invariant or non-invariant structures. If a structure 
is invariant, progressions occur within latent means. If the structure is not invariant, progressions are reflected by 
changes within the dimensionality of the construct. In our study, an invariant structure was present. However, we 
note that we only took into account grades 8, 10, and 12 and cannot transfer our findings to lower or higher grade 
levels. Consequently, future research has to deal with the structure of problem solving across the life span 
(Zimmerman, 2007). 
The comparisons among students of different grades revealed asynchronous and non-uniform differences 
within the four components of scientific problem solving. More precisely, different patterns for homogeneous 
groups were found which supported the results of a study conducted by Piekny and Maehler (2012) which 
showed that scientific reasoning develops differently for different cognitive processes. In our study, the effects of 
differences were small and comparable to the values which Zimmerman (2007) reviewed.  
Regarding the process of Understanding & Characterizing the problem, grades 10 and 12 did not significantly 
differ in their performance. This finding could be interpreted as saturation within the processes of information 
retrieval. As Zimmerman (2007) claims, these processes develop slowly at later stages of adolescence. For 
Representing the problem and Reflecting & Communicating the solution, there was an effect at the transition 
from lower to upper secondary level. This finding might be due to the fact that both processes involve similar 
cognitive operations such as externalizing the structure of the problem and evaluating given structures or 
solutions. These operations are quite difficult for students, as they refer to metacognitive control (Kuhn et al., 
2008). Additionally, research suggested that these processes develop at later stages in adolescence (Scherer & 
Tiemann, 2012). The differences among grades for the dimension of Solving the problem did not show significant 
values. First, this finding could be explained by the nature of the computer-based assessment: Students were 
given the opportunity to solve the task by interacting with a given system. During these processes, they acquire 
knowledge about the system and, thus, could adjust knowledge deficiencies (Goode & Beckmann, 2010; Park, 
Lee, & Kim, 2009). Second, this finding could be due to the multidimensionality of Solving the problem, as 
Scherer and Tiemann (2012) found. In this context, vertical scaling procedures which are based on concurrent 
calibration perform worse than methods of separate calibration (Kolen & Brennan, 2004). Additionally, we note 
that this study was based on cross-sectional data which only allow for interpretations of differences across 
cohorts. Future research could perform longitudinal analyses in order to capture individual growth curves (Köller 
& Parchmann, 2012). 
Within multilevel analyses, we found that fluid intelligence, domain knowledge, strategy knowledge, and 
students’ grades in chemistry were the strongest predictors of problem solving competency. This is in line with 
previous research on domain-general problem solving and validates our model (e.g., Goode & Beckmann, 2010; 
Jonassen, 2011). Accordingly, we have evidence on the empirical distinction between problem solving and 
intelligence (Leutner, 2002). Moreover, this result suggests that fostering domain-specific problem-solving 
competency requires fostering different types of knowledge and more than reasoning (Scherer & Tiemann, 2012; 
Wüstenberg, Greiff, & Funke, 2012).  
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